This article investigated how process-based animal welfare indicators (PAI) affected the technical efficiency of German dairy farms. A sample of 115 North-Rhine Westphalian dairy farms was used to estimate their technical efficiency with data envelopment analysis. A censored regression model was then applied to quantify the effects of PAI on technical efficiency. The results indicated that in particular a higher percentage of cow losses, a higher replacement rate, and a longer calving interval had, at their respective mean, a negative marginal effect on the technical efficiency of the sample farms. In contrast, a lower age of first calving, a higher in-milk performance, and a higher somatic cell count were positively correlated with technical efficiency. Some of the PAI followed a polynomial trend (i.e., their influence on technical efficiency did not have a constant sign, and levels for minimum/maximum technical efficiency were present). The minimum efficiency score at constant returns to scale was obtained when farmers had cow losses of 0.4%, a calving interval of 430 d, and a cell count of 146,000 per milliliter. However, maximum technical efficiency was obtained at a milk yield of 9,796 kg per cow and year. The corresponding amounts in case of technical efficiency under variable returns to scale were at a similar level, except that milk yield showed a positive linear influence on technical efficiency. Moreover, technical efficiency under variable returns to scale was positively correlated with the fat content of milk. The lowest level of technical efficiency was reached at a fat content of 4.1%. Subsequently, we found that efficient dairy farms did not always correspond with recommended values concerning animal welfare criteria. Finally, the results showed that the assumption of a monotone effect direction of PAI on farm efficiency was inappropriate, and that this issue would need to be addressed in future research.
INTRODUCTION
In the last decade, various approaches to cost accounting have been widely used to quantify and compare the performance of dairy farms (e.g., German Agricultural Society; DLG, 2004) . In addition, the concept of efficiency has been a widely used tool to evaluate economic success (e.g., Latruffe et al., 2004; Chavas et al., 2005; Perrigot and Barros, 2008) . In contrast to cost accounting, efficiency analysis takes the whole farming system into account, including nonmonetary inputs. Farrell's (1957) seminal paper distinguishes between technical and allocative efficiency. Whereas the former focuses on avoiding the wasting of resources in the production process, allocative efficiency considers given prices and production technology to establish whether an optimal combination of inputs and outputs is chosen. The main goal of efficiency analysis is to benchmark firms and designate those with the highest output/input ratio as efficient (Färe et al., 1985) . Two methodologies are available to estimate efficiency: data envelopment analysis (DEA; a deterministic and nonparametric method) and stochastic frontier analysis (SFA; a stochastic parametric method; Meeusen and Van Den Broeck, 1977; Charnes et al., 1978) . The advantage of DEA is that no assumptions about the functional form of the production frontier need to be made. The DEA models can also take account of constraints imposed by policy such as the milk quota in the European Union (Breustedt et al., 2011) .
In addition to this type of economic performance assessment, animal welfare criteria are increasingly being used to evaluate agriculture production (Lusk and Norwood, 2011) . Improvements in animal welfare are often used to justify to the public modern husbandry methods, new cattle housing, or increased natural yields. Hence, public awareness of animal welfare has increased (Curtis, 2007; Meyer zu Wehdel, 2011; Deutsche Agrarforschungsallianz, 2012) . In the scientific literature, different definitions of, and associations with, the term animal welfare exist, and various ap-7731 proaches for assessment are available (Botreau et al., 2007; Curtis, 2007) . Curtis (2007) suggests a concept of animal welfare indicators based on the rationale that a gap between the potential and the observed production and reproductive performance indicates deficiencies in animal welfare. If animal-based indicators such as metabolic stress or the number of mastitis cases per cow are not available, standardized variables such as milk yield performance, cell count, or average economic lifetime of a herd are often used as proxies for animal welfare (Oltenacu and Broom, 2010) .
In the economic performance evaluation of farms, such animal welfare criteria mostly play a subsidiary role (DLG, 2004) . Exceptions are studies by Lawson et al. (2004a,b) , Hansson and Öhlmér (2008) , and Barnes et al. (2011) , which all include at least one animal welfare criterion in their economic analysis. Lusk and Norwood (2011) point out, however, that the relationship between animal welfare criteria and production economics has been insufficiently explained in the scientific literature. Hence, it is necessary to systematically analyze the relationship between animal welfare indicators and economic success and quantify this relationship through adopting a broader approach.
The aim of the present study thus was to investigate the effect of animal welfare criteria on the technical efficiency of a sample of German dairy farms as a proxy for economic success by adopting a two-step procedure consisting of DEA and a censored regression. Because price data on some agricultural inputs (e.g., family labor) were not available, the term efficiency in the remainder of the paper always refers to technical efficiency.
MATERIALS AND METHODS

Study Design
Because all sample farms had their own heifer rearing operation, it was necessary to include both milk production and heifer rearing in the analysis. The farms were thus modeled with respect to an economic livestock balance sheet. As an analogy to the popular farm-gate balancing approach, we used the barn gate as system boundary. Specifically, the economic livestock balance sheet included all inputs used for milk production and heifer rearing. As a complement, all proceeds from milk production and heifer rearing were counted as output. Efficiency scores were estimated input-oriented, meaning that the maximum possible contraction of inputs was investigated under constant output. The reason for choosing this orientation was the EU milk quota regimen, which did not allow farms to increase their milk output. Input-oriented efficiency analysis is in this case tantamount to assuming that dairy farmers aim to minimize their production costs.
According to our economic livestock balance sheet, forage and concentrates, intermediates, labor, as well as depreciation were used as inputs. Forage contains all roughage (e.g., hay and straw) and feeds of high moisture content (e.g., silage). The costs of forage harvesting and conservation were not included. Intermediates consist of expenses for veterinarians, insemination, electricity, water, insurance, as well as imputed interest on working assets, buildings and milk quota, lease rents for milk quota, super levy payments, land and capital leasing rates, as well as overheads and maintenance costs. Labor encompassed both own and hired labor and was expressed in full-time equivalents. The capital input was accounted for by annual depreciation rates. Considering the milk quota as a production limit, the ECM quota was modeled as a nondiscretionary input variable. Total revenues as the model's output variable consisted of the produced milk quantity multiplied by the mean milk price, returns from slaughtered cows, as well as proceeds from heifer sales. Milk quantity and milk prices were recalculated into ECM equivalents, allowing us to control for differences in milk quality between farms. Direct payments linked to the production of milk and heifers (e.g., suckler cow premium) were also included in the output variable. Animal manure was not included because its output share, and thus its effect on efficiency, would be negligible (Gräfe, 2008) .
Data
The data set is a balanced panel of specialized dairy farms from the state of North Rhine-Westphalia, Germany. The panel contained 575 observations, which encompassed 115 farms over a time period from financial year (FY) 2007/08 to FY 2011/12. In the calculations, we used 5-yr averages per farm to control for year effects such as varying prices or weather effects. The Chamber of Agriculture of North Rhine-Westphalia provided the data set, with the Chamber providing advisory services to the sample farms. All recorded accountings were in net values (i.e., without value-added tax). To compare and aggregate the observations among single FY, we inflated monetary inputs and outputs to the base FY 2011/12 by using price indices from the Federal Statistical Office (Statistisches Bundesamt, 2013) . The ECM price was exempted thereof. Instead we used the mean milk price across all observed farms so as to not confound the results by differences in milk marketing success. Table 1 presents the descriptive statistics for all variables that were used for the efficiency analysis. The average farm used 429 t of forage and 231 t of concen-trates in milk production and heifer rearing. The farms purchased, on average, intermediates worth 83,200€ per year and used 3,737 h of standardized labor units per year. The average annual depreciation was 26,157€; the average farm had a milk quota of 674,131 kg of ECM and generated proceeds of 268,848€. Table 2 displays the process-based animal welfare indicators (PAI) considered in this study. We extend the concept of animal welfare indicators by Curtis (2007) , which compares existing and potential reproductive performance, to include other performance parameters such as milk yield and SCC (Oltenacu and Broom, 2010) . Nonetheless, the final choice of the variables was essentially determined by their availability in the data set. Accordingly, we took account of stillbirth rate, cow losses, age of first calving, and replacement rate. The replacement rate was adjusted for changes in herd size such that it was not distorted by growing or shrinking cow numbers. Other variables considered were milk yield, milk fat and milk protein, and SCC.
In addition to PAI, other variables were included to characterize the milk production and heifer rearing enterprises in more detail. Some of these variables can be regarded as relevant to animal welfare (e.g., access to pasture). Further variables included the percentage of maize silage in feed rations as well as herd size and changes thereof. Not presented in Table 2 , but important to provide a better classification of the variables, is the fact that approximately 91.4% of the herds were Holstein Friesian cattle.
Methodological Approach
The methodology consisted of 2 major parts. We first estimated the efficiency of the sample farms using DEA. This estimation yielded a production frontier that envelops all observed input-output combinations. The frontier itself is formed by the farms identified as being efficient. The efficiency of inefficient firms can then be established in relation to the efficient farms on a scale from 0 to 1, where efficient units are assigned an efficiency score of 1. We chose DEA as the tool for measuring efficiency because DEA does not require ex ante specification of the functional form of the production frontier to be estimated. The main disadvantage of DEA compared with SFA lies with its lack of a stochastic component, implying that data or measurement errors are interpreted as inefficiency. Fur- thermore, exogenous factors affecting efficiency cannot be considered directly in the model (Battese and Coelli, 1995) . The second methodological component consisted of a censored Tobit regression to estimate the effects and marginal effects of PAI on farm efficiency. For estimating efficiency scores using DEA, the technology set is defined as T with j = 1,...,J farms, with each using the input vector x = (x 1 ,...,x I ) ∈ R I + as well as the nondiscretionary input r = (r 1 ,...,r Z ) ∈ R Z + , to produce the vector of outputs y = (y 1 ,...,y M ) ∈ R M + . Subsequently, T is defined as
where T is assumed to be nonnegative and closed as well as monotone. In addition, it was convex in inputs and exhibited free disposability of inputs and outputs. It is further assumed that the technology exhibited constant returns to scale (CRS). In the case of CRS we compare all farms across different scale sizes. We further assume that inactivity is possible but the farms have to use a positive amount of inputs to produce output (Färe et al., 1985) . T is defined as the following input bundle L(y | r), which produces at least one output vector y (see Färe et al. 1994) :
The variable λ j ensures that all convex combinations of farms are contained in T. The formal DEA model specification is (Coelli et al., 2005) :
subject to
Model (3a) determines the input-oriented efficiency, θ j 0 . This means that the maximum proportional reduction of all inputs is 1 − θ j 0 , while holding output constant. In addition, we imposed the assumption of variable returns to scale (VRS) by means of equation (3b; Banker et al., 1984) . Imposition of the VRS assumption has the advantage that for each inefficient farm the model selects only benchmark farms of similar scale size. The efficiency analysis was executed under CRS as well as VRS, as the scientific literature shows no clear preference concerning the assumptions of scale economics in dairy farming (cf. Weersink et al., 1990; Fraser and Cordina, 1999; Kovacs and Emvalomatis, 2011) . Although DEA models were widely used in empirical efficiency analyses, they have been criticized on the grounds that, in contrast to SFA models, the statistical fit of alternative model formulations cannot be tested.
To overcome potential problems arising from small sample size (such as overestimation of efficiency scores θ j 0 ), we used a bootstrap procedure Wilson, 1998, 2000) . In addition, DEA models without bootstrapping violate the assumption of independent endogenous variables in regressions. This means that when exogenous variables are to be regressed on efficiency scores, these scores are dependent on each other due to the structure of the DEA models (i.e., because efficiency scores are measured by the distance to efficient observations). Exogenous variables can also be correlated with the error term, with the consequence that the estimators of a regression are biased (Xue and Harker, 1999; Coelli et al., 2005; Bogetoft and Otto, 2011) .
To account for the above limitations, we estimated the efficiency scores θ j 0 using the technology of "Bootstrap world" ˆ.
T The algorithm used here is presented and explained in more detail in Wilson (1998, 2000) . Calculations of the efficiency scores as well as the bootstrapping procedure were made with the statistical software package R (R Core Team, 2013) , and with the packages Benchmarking (Bogetoft and Otto, 2013) and FEAR (Wilson, 2010) . The bootstrap replications were set to the standard value of 2000.
In a second step, we tested the influence of exogenous variables on the efficiency scores by regressing the PAI and the other variables in Table 2 on the bootstrapped efficiency scores. A fundamental advantage of this second-stage regression compared with earlier integration in the DEA model as nondiscretionary variables is that no a priori assumptions of the effective direction of the variables' influence on the efficiency scores have to be made (Coelli et al., 2005) . The definition of the model in (3a) constrained efficiency scores to the range [0;1] or 0 and 100%. For this reason, a censored Tobit regression model was applied (Tobin, 1958) . However, Hirschauer and Musshoff (2013) show that the inputoriented efficiency score in relation to the resource reduction potential is not metric. This means that for the Tobit model (4) below, the inverse of the efficiency 1 0 /θ j was used as endogenous variable. As a consequence, the data were not censored in the interval [0;1] but for values of less than 1. It appears unrealistic to assume linear relationships between some PAI and the estimated efficiency scores. For example, PAI such as calving interval are expected to have an optimum value for their influence on efficiency. Hence, the function of exogenous factors was modeled as a polynomial of second degree. The formal model is defined as follows (Tobin, 1958; Greene, 2012) : Snee and Marquardt, 1984) . α is the constant in the model, β 1 is the vector of parameters estimates for the linear effect of the exogenous variables. Vector β 2 contains the estimated parameters of the quadratic term. Characteristics of the normal distributed error terms ε j 0 can be found in Greene (2012) . Because separate t-tests were not sufficient to ensure the significance of the effect of the variables in the linear term as well as the quadratic term, a Wald-test was conducted (cf. Greene, 2012) .
Through the mean centering of the exogenous variables, the estimated parameters α as well as each element t of the coefficients β 1 and β 2 have to be corrected as follows (cf. Echambadi and Hess, 2007) :
The marginal effects of the exogenous variables on farm efficiency were computed as follows: 
As equation (6) shows, the marginal effects of the β coefficients have to be corrected by the probability that e j 0 * took a nonlimiting value (Greene, 2012) . Through the PAI modeling via a second-order polynomial, we calculated additionally the local minima and maxima of the marginal effects by setting equation (8) equal to zero. From an interpretational point of view, this provides an additional benefit: the local minima/maxima indicate levels of PAI that correspond to minimum or maximum farm inefficiency. Further local minima/ maxima show critical levels at which the relationship between PAI and efficiency changes sign. We applied the described Tobit regression for the bootstrap-corrected efficiency scores calculated under the assumption of VRS and CRS, respectively. These efficiency scores were used as endogenous variables in the Tobit model.
RESULTS AND DISCUSSION
Farm-Level Efficiency-Step 1 Table 3 displays the results of the efficiency analysis, and Figure 1 shows the associated distribution of efficiency scores. With respect to CRS, 19 of the 115 farms (16.5%) emerged as efficient (with an average efficiency level of 87.6%) before the bias correction was conducted. This means that, on average, the sample farms would have to scale down their input use by 12.4% at constant output levels to produce efficiently. The average bias-corrected efficiency scores are lower because without the bootstrapping procedure the efficiency scores are overestimated. On average, the farms had a bias-corrected efficiency level of 81.6%. In Figure  1 , the results for the bias-corrected efficiency scores show that no efficient observations reach the theoretical maximum efficiency bound of 100%. Under VRS, we calculated a mean efficiency level of 91.0% before the bootstrapping procedure, with 30.4% of the farms in the sample being efficient. After the bootstrapping procedure, the efficiency scores were on average 85.3% 7735 and no farm was efficient. Comparing the results under the different scale assumptions shows that the average scale efficiency of the sample farms is at a relatively high level, indicating that increases in efficiency achievable through changes in scale size are relatively small compared with the potential efficiency gains through input savings. As the results show, bootstrapping shifts the efficiency scores to a lower level. The distribution of scores is also affected, and the cluster of efficient observations is eliminated (Figure 1) .
Our results are in line with previous studies on efficiency of dairy farms. Kovacs and Emvalomatis (2011) calculate an average efficiency score for German dairy farms of 83 and 80%, respectively (variable/constant returns to scale), whereas Hansson and Öhlmér (2008) find an average efficiency level over the long-term of 86% for Swedish dairy farms under VRS. In addition, Cabrera et al. (2010) use SFA to compute a mean efficiency score of 88% for 273 dairy farms in Wisconsin. Furthermore, in a comparison of different milking technologies, Steeneveld et al. (2012) observe that for dairy farms with a conventional milking system the average efficiency score value lies around 78%. Table 4 summarizes the results of the Tobit regressions. For both estimations, which consider efficiency scores under constant and variable returns to scale as endogenous variables (CRS model and VRS model), respectively, we clearly reject the alternative hypothesis of heteroscedasticity with P-values of 75 and 91%. The noncorrected columns each return the estimation results from model 4. The corrected columns describe the respective parameter estimates corrected by equations (5) to (7). Because we used the reciprocal efficiencies e j 0 we emphasize that negative coefficients indicate a positive influence on efficiency, whereas positive coefficients indicate a negative influence. Based on the estimated coefficients, Table 5 displays the marginal effects for significant variables that influence efficiency scores in both their linear and quadratic terms. Table 5 contains the marginal effects at the means, the minima, and the maxima of the respective variable as well as the local maxima and respective minima of the PAI. Table 5 further displays the marginal effects of variables that are significant only in their linear term. (Breusch and Pagan, 1979) . †P < 0.10, *P < 0.05, **P < 0.01, ***P < 0.001. 
Tobit Regression Results-Step 2
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Our results show that until the vertex of 0.1% cow losses in the VRS model and 0.4% in the CRS model are reached, increasing cow losses were significantly associated with increasing efficiency scores (Table 5) . Once these vertices were exceeded, increasing cow losses had an adverse effect on farm efficiency. At the sample mean, an increase in cow losses by 1 percentage point reduced the inverse efficiency score by 1.2 percentage points (VRS model) and 1.5 percentage points (CRS model). For the PAI age of first calving we found only a significant linear relationship with efficiency. An increasing age of first calving correlated with an increasing efficiency score. Inefficiency thus decreased by 7.9 (VRS model) and 4.3 (CRS model) percentage points as the age of first calving increased by 1 mo. From an economic perspective, this result is at first counterintuitive as older heifers usually cause higher rearing costs. This is also observed by Hare et al. (2006) , who show in their study that dairy farms in the United States aim for a lower age of first calving to gain a higher profit from milk production. The result of our estimation also coincides with the results of Haworth et al. (2008) who reported that first calving age up to 30 mo leads to a higher operating life in the animals, and explains the higher efficiency scores of farms with a higher age of first calving. In our sample, 77 observations (i.e., threequarters of the data set) fell in the range of first calving age up until 30 mo. This may explain the congruency with Haworth et al. (2008) . Additionally, Berry and Cromie (2009) confirm that an increase in first calving age causes an increase in milk production.
The replacement rate was significant only in its linear term. Enhancing the replacement rate by 1 percentage point lowered efficiency in both regressions by 0.9 percentage points. This finding thus supports the aim of relatively high longevity from the point of view of efficiency. Nonetheless, Lawson et al. (2004b) report other evidence via SFA that more efficient farms indeed show a higher replacement rate compared with less efficient farms.
Before interpreting the effects of milk yield on farm efficiency, we first need to eliminate a possible endogeneity problem, beacuse milk yield is a function of multiple factors such as feeding practices and breeding programs (Weersink et al., 1990) . According to the significant linear term in the VRS model, efficiency scores rose on average by about 2.1 percentage points as milk yield increased by 100 kg of ECM. An in-depth analysis of this variable can be found in the CRS model, where the variable is significant in both terms. Here the results show that an increase in milk yield to 9,796 kg of ECM increased a farm's efficiency, albeit at a decreasing rate. At the sample mean, an increase in milk yield by 100 kg of ECM increased average efficiency by 0.84 percentage points. Beyond the local maxima, efficiency declined with an increase in milk production per cow. This latter finding must be interpreted with caution because only one observation was made in the sample with a milk yield above 10,000 kg of ECM. We thus conclude that, on balance, increasing milk yields had a positive effect on farm efficiency.
The PAI calving interval also had a significant effect on efficiency. The marginal effects illustrate that, up to a boundary of 435 d in the VRS model and 430 d in the CRS model, increasing the calving interval lead to a decrease in efficiency. At the sample mean, a variation of the calving interval by 1 d caused a change in efficiency scores of 0.15 and 0.16 percentage points in the VRS and CRS model, respectively. Once these vertices were exceeded, an increasing calving interval had a positive effect on efficiency. This latter result is contrary to the finding that an extended calving interval implies lower profitability of cows, as shown by Lawson et al. (2004b) . In contrast, Arbel et al. (2001) found that a higher calving interval can indeed have a positive effect on a farm's profitability. However, the finding that a higher calving interval has a positive effect on efficiency must be interpreted with caution because it is underpinned by only 16 (VRS model) and 14 (CRS model) observations. On balance, we found a longer calving interval to have a negative effect on efficiency.
As to the milk compounds, only the fat content turned out to have a significant influence on farm efficiency in the VRS model. Until a critical value of 4.07% fat was reached, efficiency declined with increasing fat content. Fat contents above that level resulted in increasing efficiency. At the sample mean, an increase in fat content by 1 percentage point caused an increase in efficiency by 12.6 percentage points. The improved efficiency beyond the peak is explained by milk price premiums attributable to higher fat contents.
Finally, the PAI somatic cell count was also found to have a significant influence on efficiency. In the VRS model, until a critical value of 145.9 thousand cells per mL was reached, efficiency decreased with increasing cell count. As cell count rose above this critical value, efficiency increased. The relevance of this result is emphasized by the 103 observations above the vertex. For the CRS model, similar results were obtained -with a critical value of 159.2 thousand cells per mL, after which efficiency increased. At the sample mean, average efficiency rose by 0.51 (VRS model) and 0.54 (CRS model) percentage points as the cell count increased by 10,000 cells per mL (Table 5) . These results seem surprising because of the assumption that economically successful dairy farms would tend to have lower SCC (cf. El-Tahawy and El-Far, 2010) . These counterintuitive findings may be due to the fact that our database contained only 2 observations for cell counts above 300,000 thousand cells per mL-the level at which milk is classified as lower quality and price penalties are imposed (cf., Milch-Güteverordnung, 1980 ; milk quality ordinance).
As to the additional process characteristics shown in Table 2 , the proportion of maize silage in feeding rations had a statistically significant effect on efficiency only in its linear term. As Table 5 illustrates, efficiency declined as the share of maize silage grew. In the VRS model, a 10 percentage point increase in the share of maize silage caused efficiency to decrease by 2.9 percentage points. The corresponding value for the CRS model was 2.6 percentage points. This could reflect comparative disadvantages in costs; that is, maize silage may be more expensive than pasture-based feeds.
In the CRS model, the significant linear term for herd size (number of cows) indicates that an increasing herd size had an adverse effect on efficiency. Nevertheless, the effect can be categorized as quite small; for example, efficiency decreased by a mere 0.65 percentage points as herd size was increased by 10 dairy cows. Besides that, changes in herd size were found to be statistically significant for efficiency: an increase in herd size caused efficiency to decline. Farms with a constant herd size achieved, ceteris paribus, the highest efficiency. An increase in herd size by 10% resulted in an average decrease in efficiency of 5.5 (VRS model) and 8.9 (CRS model) percentage points, respectively. One possible explanation is that the growth of farms causes neglect of herd management in the short term. Finally, no significant relationship was found between efficiency scores and access to pasture (Table 4) .
In our efficiency model, we regarded the milk quota as a production constraint. Modeling the efficiency of dairy farms without considering the milk quota would not reflect the situation farmers were actually facing. The observed years in the data set thus only permit an ex-post analysis where the milk quota was still present and constraining production. The abolishment of the milk quota requires further research to elucidate possible consequences for the influence of PAI on farms' efficiency, which may result from changes in farmers' decision-making in relation to PAI. Figure 1 points out that the bootstrapped efficiency scores are not censored. This raises the question of whether a censored regression model was at all necessary. As explained in the methodology section, the need to use a Tobit regression model is not determined by the empirical distribution of efficiency scores, but by the theoretical implication that efficiency scores are constrained to be less than or equal to 1. Through the bootstrapping procedure, this implication is not eliminated; it merely becomes empirically less apparent.
Hence the use of an ordinary least squares regression, which principally allows for scores greater than one, would be theoretically inconsistent (cf. Coelli et al., 2005) .
A remaining point of criticism is that the PAI used in this study may not be a good indicator of animal welfare because their values can be influenced or even obscured by management effects. For example, a longer calving interval may not only be due to a lower reproductive performance (as an indicator of poor animal welfare), but could also be a matter of careless heat monitoring or poor fertility management (with the cows having a good welfare status). In contrast, indicators of reduced fertility such as defective heat symptoms could be compensated for by hormonal interventions without reducing related animal welfare (Lucy et al., 1986) . These possibilities potentially reduce the informative value of the used PAI. Animal-based indicators that better reflect the welfare status of cows, such as the number of mastitis incidents or swollen bones or detection of behavioral anomalies, would be preferable to the process-based indicators but were not available for this study. We leave this for future research.
Finally, we wish to emphasize that the present article is not focused on a normative evaluation of the PAI. One reason for this is the lack of consensus over the appropriate levels of the PAI. Exceeding thresholds of certain PAI indicates clinical disease (e.g., milk compounds, Duffield et al., 1997) . However, it may be the case that animal welfare is adversely affected well below the thresholds. Moreover, the optimal level of the PAI could be affected by breeding progress or improvements in animal husbandry. For example, specialized milk breeds may enjoy good animal welfare at a much higher milk yield than meat breeds (Webster, 1993) .
CONCLUSIONS
As a final result we conclude that process-based animal welfare indicators matter for farm efficiency. We have demonstrated that some PAI have varying effects on efficiency, and that these effects are neither monotonously increasing nor decreasing. We have identified levels of PAI which result in maximum/minimum farm efficiency. Moreover, the study extends the common descriptive and noneconomic interpretation of PAI to include a quantitative analysis of the interrelationship between PAI and efficiency. Hence, regardless of any normative assessment, we observe that maximum efficiency does not always correspond with recommended levels of animal welfare criteria. We may conclude from this finding that across-the-board recommendations (e.g., that less SCC are always better) are not appropriate for maximum farm efficiency.
Future research could involve a normative assessment of the results to identify congruencies and trade-offs between animal welfare indicators and economic success. It would also be desirable to replicate the analysis with animal-based welfare indicators that better reflect the wellbeing of animals. Compared with the process-based indicators used in the present study, such an analysis would allow us to establish a more direct link between animal welfare and farm efficiency.
